Abstract -With recent advancement of omics technologies, fueled by decreased cost and increased number of available datasets, computational methods for differential expression analysis are sought to identify disease-associated biomolecules. Conventional differential expression analysis methods (e.g. student's t-test, ANOVA) focus on assessing mean and variance of biomolecules in each biological group. On the other hand, network-based approaches take into account the interactions between biomolecules in choosing differentially expressed ones. These interactions are typically evaluated by correlation methods that tend to generate over-complicated networks due to many seemingly indirect associations. In this paper, we introduce a new R/Bioconductor package INDEED that allows users to construct a sparse network based on partial correlation, and to identify biomolecules that have significant changes both at individual expression and pairwise interaction levels. We applied INDEED for analysis of two omic datasets acquired in a cancer biomarker discovery study to help rank disease-associated biomolecules. We believe biomolecules selected by INDEED lead to improved sensitivity and specificity in detecting disease status compared to those selected by conventional statistical methods. Also, INDEED's framework is amenable to further expansion to integrate networks from multi-omic studies, thereby allowing selection of reliable disease-associated biomolecules or disease biomarkers.
I. INTRODUCTION
Differential expression analysis is typically performed by statistical methods (e.g., t-test, SAM, etc.) to identify biomolecules with significant changes between biologically distinct groups. However, independent studies for the same clinical types of patients often lead to different sets of significant biomolecules with only few in common [1] . This might be attributed to the fact that differential expression analysis ignores the interactions among the biomolecules of interest. Network-based approaches are increasingly applied in omic studies to gain insights into these interactions. It has been demonstrated in cancer studies that combining individual biomarkers through sub-networks or network motifs can improve the diagnostic accuracy and biomarker robustness [2] - [4] . Recently, there has been a growing interest in differential network analysis, where the connection in the network represents a statistically significant change in the pairwise interaction between two biomolecules in biologically distinct groups. From the rewiring interactions shown in differential networks, biomolecules that have strongly altered connectivity between diverse groups can be identified.
We previously demonstrated the use of partial correlation to construct sparse biological networks based on omic data [5] , [6] . Also, we introduced an INtegrated DifferEntial Expression and Differential network analysis (INDEED) that takes advantages of both conventional differential expression analysis (statistical methods) and a network-based approach to find disease-associated biomolecules. In a differential network constructed by INDEED, nodes denote biomolecules and the edges represent statistically significant changes in pairwise associations between pairs of biomolecules. Correlation is used to assess the changes in pair-wise associations. However, conventional correlation methods tend to generate overcomplicated networks by inferring changes to many seemingly indirect associations; thus making it unsuitable for datasets with large dimensions [5] , [6] .
In this paper, we introduce a new R/Bioconductor package that uses partial correlation in the INDEED framework to distinguish direct and indirect associations and generate a sparse network of biomolecules based on omic data [7] . INDEED calculates an activity score for each biomolecule by combining the node degree of the biomolecule in the differential network with the statistical significance level of the biomolecule in distinguishing two disease groups. The score is used to rank the biomolecules and identify disease-associated biomolecules. The package allows users to choose the correlation method and associated parameters suitable to their omic datasets. Both partial or conventional correlation methods are implemented in the package. We tested INDEED using metabolomic and proteomic datasets from a cancer biomarker discovery study [8] , [9] .
The paper is organized as follows: Section II describes INDEED's workflow. Section III presents two omic datasets that we used to evaluate the performance of INDEED in identifying disease-associated biomolecules. Section IV discusses the results obtained using INDEED. Section V concludes the paper and discusses future plans.
II. METHOD
The main goal of INDEED is to integrate results from statistical significance analysis with those from differential network analysis to find disease-associated biomolecules. Given an omic dataset, differential expression analysis is first performed using statistical methods to obtain p-values, which assess the significance of changes in the levels of individual biomolecules between distinct biological groups. Then, a differential network is built based on partial correlation, which can distinguish between direct and indirect associations when evaluating the change of pairwise association on a biomolecular pair between distinct biological groups. Activity scores are computed based on p-values and the topology of the differential network. The activity scores are used to prioritize or rank biomolecules in accordance with their ability to detect disease status. The top ranked biomolecules are expected to be more reproducible and reliable biomarkers than those identified by typical statistical analysis such as Student's t-test. 
B. Partial Correlation
If partial correlation method is selected, INDEED applies a z-score transformation to the omic data prior to network construction. Then a parameter rho is determined based on cross validation using select_rho_partial function as described in ref. [7] . This parameter controls the sparsity of the network. An optional parameter of this function is error_curve; user can choose whether to display the error curve plot in the window to assist visualization and rho value selection. The output of select_rho_partial is a list of preprocessed data from users input data, and rho values for each biological or disease group (e.g., case or control).
In the second step of partial correlation methods, user needs to input the preprocessed data list from select_rho_partial function. User will also need to select rho values for case and control groups, option for rho value selection can be "min" as rho value from minimum rule; "ste" as rho value from one standard error rule; user can also enter a rho value of their interest, based on error curve from select_rho_partial function or outside knowledge. In building differential networks, number of permutation and the threshold are pre-defined to be 1000 and 0.025, respectively, and subject to changes based on user preference. P-values of all biomolecules can be supplied by the user in the function argument, but is not required. If pvalues are not provided by the user, INDEED's partial_cor will calculate a p-value for each biomolecule. The output of partial_cor consists of two dataframes. The first dataframe "activity_score" contains list of biomolecules with p-values, node degrees, and activity scores. Detailed method on activity score calculation can be found in ref. [7] . The second data frame "diff_network" contains differential network information consisting of node to node connections with weights and binary values of each connection.
C. Conventional Correlation
INDEED allows users the option to construct a differential network based on the Pearson or Spearman correlation methods using the "non_partial_cor" function. In addition to proving the omic dataset, class labels, and biomolecule IDs, the user may select either "pearson" or "spearman" for correlation analysis. Optional parameters include the desired number of permutations and the permutation threshold; defaults for these parameters are 1000 and 0.025, respectively. The output of non_partial_cor is similar to partial_cor, a list of two dataframes, "activity_score" and "diff_network".
III. DATASETS

A. Metabolomics
To evaluate the performance of INDEED, we considered metabolomic data acquired by measuring the levels of 39 metabolites in sera from 60 hepatocellular carcinoma (HCC) cases and 60 patients with liver cirrhosis (CIRR). The subjects were recruited at MedStar Georgetown University (GU) Hospital, Washington, DC through a protocol approved by Georgetown University Institutional Review Board (URB). Table I shows the characteristics of the subjects in this cohort (referred to as GU cohort). 
B. Proteomics
Another dataset from a proteomic study that consists of 100 proteins was used to evaluate INDEED. The data were acquired by analysis of plasma samples from 89 participants (40 HCC cases and 49 patients with liver cirrhosis) recruited at Tanta University (TU) Hospital, Tanta, Egypt through a protocol approved by Tanta University Ethical Committee. Table II  presents the characteristics of this TU cohort.   TABLE II. CHARACTERISTICS OF THE TU COHORT.
IV. RESULTS AND DISCUSSION
A. Metabolomics
Differential network analysis of the metabolomic data was performed via INDEED. Tables III and IV show the top 10 metabolites obtained by INDEED using partial and the Pearson correlation method, respectively. The metabolites are ranked by activity score, which combines p-values and node degrees. Among the top 10 candidates ranked by partial correlation, 50% were also found by Pearson correlation. Overall, those found by partial correlation tend to have higher activity scores. Figure 2 shows the differential network obtained by INDEED using partial correlation. Each node represents a metabolite and each edge represents a connection between two metabolites. Node size is proportional to the node degree of the metabolite. 
B. Proteomics
We performed differential network analysis of the proteomic data. Tables V presents the top 10 proteins obtained by INDEED using partial correlation and ranked by activity score. Figure 3 depicts the corresponding differential network. Fig. 3 Differential network of proteins. Node size is proportional to the node degree.
V. CONCLUSION
In this paper, we introduce a new R/Bioconductor package INDEED that can be used to construct to help build differential networks by evaluating the partial correlation between biomolecules based on omic data. The package computes activity scores that can be used to prioritize or rank biomolecules in accordance with their level of association with disease status. The top ranked biomolecules are expected to be more reproducible and reliable biomarkers than those identified by typical statistical analysis such as Student's t-test. We used metabolomic and proteomic datasets for a cancer biomarker discovery study to test INDEED. Future work will focus on performing a thorough evaluation of INDEED using data that consist of ground-truth information to determine the biological significance of the markers discovered by INDEED. Also, we will investigate the potential use of INDEED for differential expression analysis by integration of networks derived from multi-omic data.
